Abstract-Compstatin is a 13-residue cyclic peptide inhibitor of complement activation that was originally identified through phagemediated presentation of a peptide library to C3b. Recent efforts to improve its activity have led to a rich dataset of complement analogs, with the most active analog being $260 times more active than the parent compstatin. In the present work, a highly transparent quantitative structure-activity relationship model (R 2 adj = 0.89) with four parameters is presented that captures important physico-chemical and geometrical properties of the analog molecules with regard to activity. The number of aromatic bonds and hydrophobicity of the fourth residue of compstatin correlated strongly with activity. Also important were the hydrophobic patch size near the disulfide bond and the solvent-accessible surface area occupied by nitrogen atoms of basic amino acid residues.
Introduction
Compstatin is a 13-residue cyclic peptide inhibitor of complement activation that binds to C3, the third protein of complement. 1 The complement system consists of a large number of plasma and cell-surface proteins that are involved in host immune defense. However, uncontrolled complement activation can lead to rapid tissue damage, and its inappropriate activation has been implicated in a wide range of clinical conditions, such as various autoimmune diseases, 2 rejection following xenotransplantation, 3, 4 Alzheimer's disease, 5, 6 stroke, 7 and heart attack, 8 to name a few. C3, by virtue of its role as the connecting link between the classical, alternative, and lectin-mediated pathways of complement activation, is considered a suitable target for the development of complement inhibitors. Compstatin itself was discovered through the phage-mediated presentation of a peptide library to C3b. 1 Subsequent to its discovery, a multi-pronged approach involving a combination of experimental and computational techniques was employed to explore its inhibitory action, with the goal of improving its activity and thus its suitability as a therapeutic agent. 9 Its potential as a therapeutic has already been tested and demonstrated in several in vitro, in vivo, and ex vivo models. 1, 3, 4, [10] [11] [12] The sequence of compstatin is I[CVVQDWGHHRC]T-NH 2 , with a disulfide bond between Cys2 and Cys12. A 2D NMR solution structure of a major conformation of compstatin reveals two important features: a type I b-turn involving Gln5-Asp6-Trp7-Gly8 and a hydrophobic patch that includes the disulfide bond. 13 Ala scan analogs of the cyclic part of compstatin identified Val-3 and the four b-turn residues as crucial for its inhibitory activity. 13 In a binding kinetics study using surface plasmon resonance, compstatin was found to bind C3 and its fragments C3b and C3c, but not to C3d. 10 In the same study, N-acetylation of compstatin was found to be necessary for improving activity, since in vitro studies indicated that a major biotransformation pathway involved the removal of Ile1. Interestingly, a side-effect of N-acetylation was a threefold increase in compstatin activity, which was hypothesized to be due to the extension of its hydrophobic patch by charge neutralization of the N-terminus. unnatural amino acids, led to a $260-fold improvement in inhibitory activity, bringing the IC 50 to 205 nM. 15 Despite these excellent advances, however, the economics of biotherapeutic development require a further decrease in the IC 50 , preferably to a few nanomolar, thus leaving room for further improvement in its activity.
All the mutational analysis studies of compstatin outlined thus far have created a significant dataset of structure-activity data, opening up the potential for identifying physico-chemical or geometrical features of the compstatin analogs that are statistically correlated with the observed activity. This approach is generally referred to as quantitative structure-activity relationship (QSAR) determination. In this project, a QSAR study was conducted on all known active compstatin analogs to identify important molecular properties that relate to their activity. While a solution structure for compstatin exists, 13 as do X-ray crystallographic structures of C3 and C3c, 16 no structures have yet been reported for the compstatin-C3 complex. For the purpose of this study, an active analog was defined as one with an IC 50 < 100 lM (IC 50,Rel > 0.12), which led to a dataset of 53 compstatin analogs ( Table 1) . Structures of the compstatin analogs were generated through in silico mutagenesis of the solution structure of compstatin, 13 and these structures were then used to determine 2D and 3D geometrical descriptors for QSAR analysis.
Results
The whole set of available compstatin analogs with their activities is shown in Table 1 . The common logarithm of the IC 50 relative to that of the parent compstatin (IC 50,Rel ) was used to drive the statistical fit. An initial approach using all the 2D and 3D molecular descriptors available in MOE did not yield any model with significant statistical correlation (i.e., R 2 > 0.85). This result prompted us to take a different systematic, knowledge-based approach. This approach led to a much better model, with an R 2 adj of 0.89 and only four dependent variables, which is described in the following sections.
A careful examination of the available data led us to the fact that the most important modifications were those involving residues 4 and 7. In order to isolate the physico-chemical characteristics of these residues that lead to enhanced activity, one would need a subset of compstatin analogs with modifications to either residue 4 or residue 7 alone, while the rest of the molecule remained the same. Fortunately, a subset of 12 analogs is available that have mutations on residue 4 alone, along with an H9A mutation (AcCompNH 2 _V4X/H9A series) ( In order to isolate the physico-chemical characteristics of residue 4 that relate to their activity, the side chains alone of residue 4 for the AcCompNH 2 _V4X/H9A subset were modeled, and a QSAR analysis was performed using molecular descriptors available in MOE. By isolating the side-chain structures, we assumed that these mutations did not cause significant changes in the backbone structure; this assumption is reasonable, since all the mutations to residue 4 in this data subset are fairly bulky. We found that the activity of these analogs correlated greatly (R = 0.89) with the number of aromatic bonds in the side chain of residue 4 (b_ar_4). When the dataset was expanded to include all the compstatin analogs, the correlation coefficient remained fairly high (R = 0.88); b_ar_4 was therefore retained as one of the parameters in the regression analysis.
Another pattern that was evident in the AcCompNH 2 _V4X/H9A series was that the presence of polar side groups in residue 4 led to reduced activity. Therefore, when we had accounted for the polarity through a simple integer value corresponding to the number of polar atoms in the residue 4 side chain (a hydrophobic substitution was penalized by subtracting 1 from the total of polar side-group atoms in AcCompNH 2 _V4(1MeW)/H9A and AcCompNH 2 _V4(5MeW)/ H9A), the R 
Compstatin has a hydrophobic patch close to Cys2 and Cys12, whose importance for activity has been discussed earlier. 17 We realized that the hydrophobic patch was not being represented by the properties calculated by MOE, since MOE only calculates properties for the whole peptide. The SASA for the hydrophobic patch was therefore calculated using Pymol. 21 When this parameter was included in the least squares fit for the whole molecule, the R 2 adj increased from 0.79 to 0.85. In addition, calculating the SASA occupied by the nitrogen atoms of basic residues improved the statistical fit from 0.85 to 0.88. The polarity of residue 4 did not contribute significantly to the overall dataset, as it did for the AcCompNH 2 _V4X/H9A set of analogs. Including polar_4 increased the R The models reported above for the full dataset had three outliers, AcCompNH2_I1M/V4H/H9G/T13F, AcCompNH 2 _V4(5-OH-W)/W7(5-OH-W)/H9A, and AcCompNH2_V4(7-aza-W)/W7(7-aza-W)/H9A. Inclusion of the outliers resulted in a QSAR model with an R 2 adj of 0.76 with all four parameters.
Discussion
Of the three descriptors that are included in the QSAR equation, b_ar_4 seemed to be the most important for activity. The b_ar_4 parameter captured two important characteristics of the side chains-their ''flatness'', as well as the area they occupy, since the number of aromatic bonds would equal the number of sides to the flat polygonal structures formed by the side chains. Hydrophobicity seemed to be very important as well, since the inclusion of a simplistic account of their polarity improved the statistical fit greatly (R 2 adj changed from 0.77 to 0.90 for the AcCompNH 2 _V4X/H9A subset). The effect of the V4W mutation on the area of the hydrophobic patch is shown in Figure 3 . The bulky tryptophan seems to consolidate and extend the hydrophobic patch that most likely forms a part of the compstatin-C3 binding interface. If this were indeed the case, the presence of polar groups in this patch would reduce their hydrophobicity, which seems to be measured effectively by the polar_4 parameter. The possible interaction of W4 with an aromatic residue of C3 through hydrophobic stacking interactions, or even the presence of a cation-p interaction, has been previously discussed 14 and cannot be ruled out.
While both the hydrophobic patch 17 and residue 4 18 have been previously thought to be important, another feature of the parent compstatin, the presence of three contiguous basic amino acids H9, H10, and R11, has not been explicitly discussed thus far. One can see that while the H9A analog showed improved activity, mutations to R11 generally seemed to reduce activity. This relationship led us to evaluate base_N_surf, which improved the statistical fit further. The significance of the base_N_surf to the molecule's activity, however, is relatively hard to interpret. The overall positive charge of the molecule is not the primary factor here, since an R11K mutation led to a decrease in the activity. Thus, the number of hydrogen bond donors may be significant and, more specifically, Arg11 may be particularly important for activity.
The reduced impact of polar_4 on the final model may be explained by the fact that it assumed greater significance only when bulky side chains were present, since the addition of polar_4 improved the statistical fit for the AcCompNH 2 -V4X/H9A subset of analogs but not for the whole dataset. This result highlights an important limitation of the QSAR method: that the choice of the dataset greatly affects the final model. Therefore, even though it is generally accepted that the principle of parsimony (Occam's razor) should be adopted for parameter selection in QSAR analyses, we believe that polar_4 should be retained as a parameter in the QSAR model because its negative effect on activity seems to be important. Figure 2 . Plot of actual versus predicted log [IC 50,Rel ] for the complete dataset using the four-parameter model along with 95% confidence curves generated using JMP.
22 Figure 1 . Plot of actual versus predicted log [IC 50,Rel ] for the AcCompNH 2 _V4X/H9A set of compstatin analogs along with 95% confidence curves generated using JMP. 22 It was very surprising that we were able to obtain a QSAR model with very high statistical significance in the absence of a ligand-receptor complex and through the use of just four structural parameters with three outliers. An explanation for this success may be related to the observation of Cronin and Schultz 19 that the QSAR can only be as good as the quality of the data itself. Here we had the ideal case for the dataset, with all of the data having been generated in the same laboratory, by the use of the same protocol. Also, the absence of a ligand-receptor complex does not seem to have been a deterrent in our QSAR model because of the nature of our choice of descriptors. Three of the four properties in the QSAR model obtained, the aromaticity and polarity of residue 4 and the basicity analogs, were more or less independent of the analog's tertiary structure. Also, whatever the tertiary structure of the analog in the analog-C3 complex, it seems that it results in the formation of a contiguous hydrophobic patch similar to the one observed in compstatin's solution structure. The significance of a highly hydrophobic mutation in residue 4 18 and the hydrophobic patch 17 has been previously discussed, and this work reaffirms their importance.
Cronin and Schultz
19 also talk about the importance of avoiding collinear parameters in the modeling, which can lead to very high R 2 and introduce instability in the QSARs. They therefore suggest that a correlation matrix be obtained for QSAR model parameters, and to avoid collinearity, the correlation coefficients between them should be low. While there is no agreement in the QSAR community on an acceptable level of collinearity, they suggest that it should be much lower than the statistical fit of the model itself. For our model, all three parameters had a very low correlation coefficient (<0.44, Table 2 ). The highest collinearity was observed between b_ar_4 and hyd_patch_surf. A certain degree of correlation between the two was expected, since a significant portion of the hydrophobic area of the hydrophobic patch is contributed by the hydrophobic mutations in residue 4; however, the hyd_patch_surf parameter can and does capture the effect of mutations in other residues adjacent to the disulfide bond as well. Cronin and Schultz 19 have also suggested that instead of the R 2 value, one should report the R 2 adj , which is what we have reported throughout this paper.
An interesting aspect of the base_N_surf parameter can be observed in the correlation matrix (Table 2) : its correlation with the IC 50,Rel was very low. This low correlation of base_N_surf with activity (Table 2) seems to reflect the fact that a significant fraction of the mutations in a basic residue were those of H9A, which resulted in a 4-fold increase in activity. Here, the effect of increased hydrophobicity seems to dominate over the reduced basicity. The base_N_surf parameter, nevertheless, effectively captured the negative effect of mutations in R11.
The three outliers in the resulting model outline the limitations of QSAR analyses. The fact that there is no significant dataset for quantifying the effect of changes to residue 7 suggests that those effects are underrepresented in the dataset and would explain why the activity of AcCompNH 2 _V4(5-OH-W)/W7(5-OH-W)/H9A and AcCompNH 2 _V4(7-aza-W)/W7(7-aza-W)/H9A could not be predicted by our QSAR model. In addition, b_ar_4 and polar_4 may be too simplistic to completely capture the steric and hydrophobic character of the mutations to residue 4. The Figure 3 . Structures of compstatin and the modeled AcCompNH 2 _V4W/H9A show how V4W and related mutations increase the surface of the hydrophobic patch (yellow) near the Cys2-Cys12 disulfide bond (orange). Basic residues are shown in dark blue, and the rest of the structure is rendered in CPK colors. low activity of AcCompNH 2 _I1M/V4H/H9G/T13F is probably due to the H9G mutation. Glycine residues are known to increase backbone flexibility, while our assumption for the QSAR analysis has been that the mutations do not greatly affect backbone flexibility of the analogs.
Conclusion
There are, in general, no specific guidelines for QSAR development. Our approach toward QSAR development in this project was to first intuitively derive hypotheses and then test them through statistical analysis. For example, for the current dataset, it had previously been hypothesized that the hydrophobic patch is an important contributor to compstatin's activity. 17 Also, mutations to residue 4 were hypothetically driven. 18 Our QSAR analysis helped not only to verify these hypotheses but also to quantify their relative effects. Once these effects have been quantified, subtle effects, such as the effect of the base_N_surf parameter, can then be deciphered. This hypothesis-driven approach not only helps to generate highly transparent QSAR models but can also be useful in strengthening and directing one's intuition, hopefully toward the development of analogs with higher activity. For statistical analyses, after all, are not amenable to extrapolation beyond the range of the properties in the dataset, whereas the goal of rational design is to improve activity, typically by several orders of magnitude.
Computational methods
Analogs of compstatin were generated using MOE 20 through in silico point mutations on the NMR solution structure of compstatin (PDB ID: 1A1P). Atoms within 4.5 Å of the mutated residue were minimized using the CHARMm force-field in MOE. Minimization was performed in such a way as to optimize the mutated side-chain conformations without causing any significant alterations in the backbone conformation. The initial QSAR analysis on the AcCompNH 2 -V4X/H9A analog subset (Table 1) was performed using MOE. The side chains alone were synthesized in MOE, and then all of the 2D and 3D molecular descriptors available with the MOE QSAR module were systematically examined for correlation with activity. For QSAR of the full dataset, hyd_patch_surf and base_N_surf (Table 1) were computed using Pymol, 21 where hyd_-patch_surf is the solvent accessible surface area in Å 2 (SASA) of the side-chain carbons of hydrophobic residues adjacent to the Cys2-Cys12 disulfide bond, and base_N_surf is the SASA occupied by nitrogen atoms of the basic residues. Based on the solution structure of compstatin, only hydrophobic amino acids of residues 1, 3, 4, 6, 9, and 13 were considered to be part of the hydrophobic patch. In both cases, hydrogens were removed before computation of SASA. The statistical analysis for generation of the QSAR models was carried out using JMP. 22 The leave-one-out cross validation co-efficient, Q 2 , and the root mean square error of cross validation (s cv ) were computed using MATLAB. 23 The various other terms reported for the resulting leastsquares regression equations for the QSARs are: the number of compounds, n, the adjusted correlation coefficient, R
